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就寝時の非拘束な心電計測システムに向けた
ニューラルネットワークによる人体姿勢の識別
CLASSIFICATION OF HUMAN POSTURE BY NEURAL NETWORK FOR





Holter electrocardiographs, which are commonly used for long-term electrocardiographic measure-
ments, are not necessarily suitable for long-term measurements during sleep because the electrodes are
directly attached to the skin, causing discomfort and constraint feelings. To handle this problem, electro-
cardiogram measurement using capacitively coupled electrodes, which do not require direct skin contact,
could be an alternative. Therefore, the authors have been working on the realization of a novel electrocar-
diogram measurement system using capacitively coupled electrodes arranged in an array. The major feature
of this system is the ability to measure both body posture and electrocardiogram with common electrodes
arranged in an array, and by selecting the most effective electrodes based on the measured posture, it can
make electrocardiogram measurements corresponding to the posture changes. In this paper, the method of
automatically generating the training dataset by simulation for posture estimation will be discussed, and also
classification results of the silhouettes by neural network will be shown.




























































Fig. 1 The configuration of the proposed sensor. The com-
puter provides commands to the multiplexer for switch-







































Fig. 2 The actual sensor setup. The sensor consists of an
electrode array, computer, ECG measurement module, ca-
pacitance measurement module, and a multiplexer.
(a) (b) (c) (d)
Fig. 3 Four postures that we aim to differentiate in this
study; (a) Right lateral posture, (b) Supine posture, (c) Left












































































Convert distance data to
capacitance data
Set 3D human model 
to random posture,





Capacitance map is completed



























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Fig. 5 Comparison of silhouettes after preprocessing; (a)
Left lateral posture by subject using electrode array, (b)
Left lateral posture by 3D human model in simulation en-
vironment, (c) Supine posture by subject using electrode














Fig. 6 Convolutional Neural Network model created for
body posture classification.




















Fig. 7 Example of the data augmentation procedure; (a)




ションを適用した画像例を Fig. 7に示す．Fig. 7 (a)は































た．一方で，パターン 1では，正解率が約 50 %程度に
止まっており，学習が進んでいないと考えられる．こ
れらの要因として，パターン 1は訓練データセットに
Table1: Number of simulation and electrode array silhou-
ettes to include in the training dataset.
Simulation Electrode array
Pattern 1 8000 0
Pattern 2 8000 1000
Pattern 3 8000 2000
Pattern 4 8000 3000












































































T L + T P + TR + TS
S UM
× 100 (1)
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